OBJECTIVES: Accurate models for prediction of a prolonged intensive care unit (ICU) stay following cardiac surgery may be developed using Cox proportional hazards regression. Our aims were to develop a preoperative and intraoperative model to predict the length of the ICU stay and to compare our models with published risk models, including the EuroSCORE II.
INTRODUCTION
Over a period of time, mortality rates following cardiac surgery have been steadily decreasing. In parallel, however, patients undergoing cardiac surgery tend to be older, having more advanced disease and greater co-morbidity [1, 2] . Consequently, the risk of postoperative complications has increased, leading to more patients with a prolonged ICU stay. Prolonged ICU stays are associated with lower survival rates, as well as reduced quality of life [3] . They also lead to increased hospital costs and reduced ICU bed availability [4, 5] . Accurate prediction of length of stay in the ICU enables clinicians to provide patients with more reliable information for informed consent, enables better planning of treatment and gives better indications for allocation of resources. Furthermore, it allows for computation of risk-adjusted length of stay and comparison among and within institutions, e.g. after changes in routines [6, 7] .
Even if a prolonged ICU stay is also related to other postoperative outcomes, it is therefore of interest in its own right, not as a surrogate for more specific complications. Thus, several models have been developed to predict prolonged ICU stay [4, [8] [9] [10] [11] . Risk prediction models like the EuroSCORE, originally developed for mortality prediction, have also been evaluated for prediction of extended ICU stay [12] [13] [14] . The discriminatory ability of the EuroSCORE was poor to acceptable in predicting a length of stay of more than two days but, in one study, the calibration of the EuroSCORE was good [12] [13] [14] . To our knowledge, the EuroSCORE II that has recently been launched has not yet been evaluated for prediction of a prolonged stay in ICU [15] .
Most models are only able to predict whether or not the patients will remain in the ICU for a predetermined number of days. An exception is the recently published predictive model developed by De Cocker and co-workers, based on preoperative variables, which can be used in the form of a risk index that correlates to the mean length of stay in the development dataset [7] . This is denoted the 'Morbidity Defining Cardiosurgical index' or MDC-index. However, because the definition of a prolonged ICU stay varies between institutions, a model may not work well in other regions or hospitals that use a different definition. It is therefore of interest to evaluate how this scoring system works in other patient populations.
Our hypotheses were that a model using only preoperative variables would be able to predict the length of stay in the ICU, but that the addition of intraoperative variables would increase the accuracy. We also hypothesized that the model specifically developed to predict length of ICU stay would perform better than mortality-prediction models.
Our aims were twofold: first, to develop a model that could accurately predict length of ICU stay and, second, to compare our model with De Cocker's model, the EuroSCORE II, and with our previously published models for mortality (within 30 days postoperatively or during the current hospital stay) and for prolonged mechanical ventilation (more than 24 hours) [16, 17] .
PATIENTS AND METHODS
From 2000-2007, preoperative and intraoperative data were consecutively collected from patients undergoing cardiac surgery at St. Olavs Hospital, Trondheim, Norway (n = 5029). Quality control of the data was performed by senior anaesthesiologists during the course of treatment. After patient discharge, a single senior anaesthesiologist (RS) performed a final, independent, complete data check for all study patients. The EuroSCORE II, De Cocker's score and our group's mortality and prolonged ventilation model scores were calculated during this study. Based on clinical grounds and the literature, 21 preoperative variables and nine intraoperative variables were chosen to be included, to avoid over-fitting [18] . Definitions of variables are given in Table 1 . Patients were discharged from the ICU as soon as vital functions and chest tube drainage were stable and all ventilatory or inotropic support (mechanical or inotropic drugs) was terminated. However, patients were not discharged from the ICU on the day of surgery. Continuous infusion of loop diuretics or low-dose noradrenaline infusion for compensation of peripheral vasodilation was accepted on the ward in a minority of cases. For patients who were transferred to the ICU of a local hospital, the total ICU stay in both hospitals was recorded for this study. Patients who had missing data and patients receiving dialysis preoperatively were excluded because dialysis patients, by protocol, were given a prolonged stay in the ICU for postoperative haemofiltration or dialysis. Thirty-four patients on preoperative dialysis and one patient with missing data were excluded, leaving 4994 eligible patients for model development.
Model development
All eligible patients were included in model development, which was performed with Cox proportional hazard regression modelling using the Design package in the 'R' statistical environment (version 2.13.1; R Foundation, http://www.r-project.org) [19] . The entire dataset was used for model development because data-splitting has been shown to reduce the predictive accuracy of the fitted model [19] . The outcome was coded as '1 = discharged from the ICU' and '0 = not discharged from the ICU', and patients who died prior to ICU discharge were thereby censored. The time variable was time until discharge from the ICU or -until death (i.e. 'loss to follow-up'). A model containing only preoperative factors (Model I) was first developed. For development of Model II, which also included intraoperative variables, the variables shown in Table 1 were added to Model I, and the modelling strategy indicated below was repeated. Only patients who underwent cardiopulmonary bypass (CPB) were included for development of Model II (n = 4869, i.e. 97.5%).
First, the full main effects model was fitted.
The assumption of proportionality of the hazard was checked by log-minus-log plots, using SPSS software (version 19.0; SPSS Inc., Chicago, USA). For continuous variables, we also tested whether they could better be modelled using restricted cubic spline functions [19] . Predefined interactions were then tested, as suggested as the most efficient modelling strategy [18] . The predefined interactions in Model I were between age and degree of urgency, and between age and preoperative haemoglobin concentrations.
We then tested for overly-influential observations (multivariate outliers), defined as observations leading to a change in the regression coefficient of more than 0.2 standard errors, using the method based on the vector of score residuals in the Design package. Limited step-down, based on Akaike's information criterion (AIC), was performed after the final full model was obtained. To find more robust (or correct) estimates of the coefficients from the remaining significant variables from the stepdown model, the model was fitted by bootstrapping (n = 400 repetitions). By this method, the model is repeatedly fitted with step-down in a bootstrap sample and performance of each model is evaluated on the original sample. Hazard ratios and 95% confidence intervals were calculated from the bootstrapped coefficients. In this paper, the coefficient of each variable was negatively exponentiated to find the hazard ratio for stay (instead of discharge) to ease interpretation of the risk variables.
Model validation and calibration
Internal validation was done with bootstrapping (n = 400 repetitions) by testing the final model on different random selections of patients from our sample. From this procedure, we estimated the optimism of the model if it were applied to a future dataset -also known as the shrinkage factor. A shrinkage factor above 0.85 is considered satisfactory. Calibration was also performed by bootstrapping (n = 400 repetitions), resulting in bootstrap overfitting-corrected calibration curves of predicted vs observed probabilities of an ICU stay of more than 2, 5 or 7 days. The calibration plots were generated by dividing patients into 10 equally-sized groups along the range of predicted prolonged stay, and plotting the Kaplan-Meier estimate within each group against the mean predicted outcome in the same group [20] . The Hosmer-Lemeshow test was used to assess calibration of the previously published logistic regression models (EuroSCORE II, our mortality and prolonged ventilation models).
Accuracy, defined as the ability of the model to discriminate between two patients with different lengths of stay, was evaluated by receiver operating characteristics (ROC) curves. The area under the curve (AUC or c-statistic) was used to compare the discriminative ability of the models to predict an ICU stay of more than 2, 5, or 7 days. An AUC higher than 0.7 is considered acceptable and an AUC higher than 0.8 is considered good. The AUC plots were obtained using the SPSS software. The AUCs for the different models were compared by DeLong's method [21] using SigmaPlot (version 11.0; Systat Software, Inc., San Jose, CA, USA).
To compare our model with De Cocker's model, the EuroSCORE II, our published mortality model and our prolonged ventilation model, we used variables from our dataset with the same definitions as theirs. Non-complete cases were excluded. The scores were then calculated in accordance with their respective logistic regression coefficients with constants or their respective Cox regression coefficients. To assess whether the models can be used for patient stratification, we calculated the observed median ICU stay according to three categories: low, intermediate and high risk, as obtained from the tertiles of each model. The median and 95th percentile of the observed ICU stay in each group for each score were then plotted. We also compared the stratification ability of Model I and De Cocker's model in our patients, based on the MDC-index [7] .
Data are given as mean ± 95% confidence interval for continuous variables, and as frequency ( percentage) for categorical variables, unless otherwise is stated. P-values below 0.05 were considered statistically significant.
RESULTS
Patient characteristics, degrees of urgency of the operations, operation types, and intraoperative variables are given in Table 1 . AVR: aortic valve replacement; CABG: coronary artery bypass grafting; CI: confidence interval; FEV: forced expiratory volume. *= mitral valve surgery in combination with CABG or AVR, AVR in combination with procedures other than CABG or operation for aneurysm of the ascending aorta, and other cardiac surgery like pericardiectomy and removal of cardiac tumours.
Sixty-five patients (1.3%) died prior to discharge from the ICU. The predefined interactions were not significant (P > 0.05) and there were no overly-influential cases. Most of the patients (89.7%) were discharged during the first ICU day and the median stay was, correspondingly, 1 day. The longest stay was 65 days. On a year-to-year basis, the mean stay varied from 1.2 to 1.6 days with no obvious trend. Further information on ICU stays is given in Table 1 .
Independent predictors of a prolonged ICU stay Table 2 shows the preoperative and intraoperative variables that were independent predictors of a prolonged ICU stay. The preoperative model (Model I) included age, renal insufficiency, chronic pulmonary disease, peripheral arterial disease, chronic heart failure, left ventricular hypertrophy, previous cardiac surgery, preoperative intra-aortic balloon pump, degree of urgency and type of operation. The intraoperative model (Model II) included renal insufficiency, chronic pulmonary disease, peripheral arterial disease, left ventricular hypertrophy, preoperative intra-aortic balloon pump, degree of urgency, type of operation, intraoperative inotropic support, intraoperative red cell transfusion, intraoperative platelet transfusion, intraoperative bleeding and CPB duration as predictors of a prolonged ICU stay ( Table 2 ).
Calibration and discrimination Figure 1A shows the calibration curve of Model I for prediction of a stay in the ICU of more than 2 days (i.e. observed vs predicted probability). The model was well calibrated in lowerrisk patients but showed slight underestimation in the highest-risk patients. The curves for a stay in the ICU of more than 5 or 7 days were comparable (data not shown). The curves for Model II were very similar (data not shown). The shrinkage factors for Model I, for stays of more than 2, 5 or 7 days, were 0.96, 0.97 and 0.96, respectively, indicating that the model should give accurate predictions in a future dataset.
ROC curves of Model I, Model II, EuroSCORE II, De Cocker's model and our previously published mortality and prolonged ventilation models showed excellent to acceptable ability to discriminate when predicting an ICU stay of more than 2, 5 or 7 days. Fig. 1B shows the curves for more than 2 days (other curves not shown). The AUC was significantly different between Model I (AUC = 0.824 (0.800-0.848)) and Model II (AUC = 0.862 (0.840-0.885), P = <0.001), but not between Model I and our prolonged ventilation model (AUC = 0.815 (0.790-0.840), P = 0.11). However, Model I had a significantly larger AUC than the EuroSCORE II (AUC = 0.801 (0.776-0.826), P = 0.008), our published mortality model (AUC = 0.793 (0.767-0.820), P < 0.0001) and De Cocker's model (AUC = 0.752 (0.725-0.780), P < 0.0001). Our mortality model and the EuroSCORE II did not have significantly different AUCs (P = 0.47) but both had significantly higher AUCs than De Cocker's model (P = 0.004 and P < 0.0001, respectively).
However, when the scores for our patients from Model I, De Cocker's model, EuroSCORE II, our published mortality model and our prolonged ventilation model were sorted into three groups corresponding to a low, intermediate or high risk of a prolonged ICU stay, the median observed stay in all risk groups for all models was 1 day ( Fig. 2A) . Only when comparing the 95th percentile, was there sufficient difference between the risk groups to discriminate between a high risk and a low or intermediate risk. Thus, none of the models could be used for prediction in individual patients because any level of the risk scores would correspond to most patients having a 1-day stay in the ICU. Figure 2B (upper panel) shows the relationships between the patients who had ICU stays longer than 2, 5 or 7 days and the patients who died during the hospital stay. It is evident that far from all of the patients who had prolonged ICU stays finally died. For patients with an ICU stay longer than 2 days (i), the mortality rate was 23.1%; for patients with an ICU stay of more than 5 days (ii), it was 37.6%, and for patients having an ICU stay of over 7 days (iii), it was 46.0%. The overlap between patients who needed prolonged mechanical ventilation and those with a prolonged ICU stay was substantially larger (Fig. 2B, lower panel) : 63.4% of the patients with an ICU stay of more than 2 days (i), 85.3% of those with an ICU stay of over 5 days (ii), and 84.9% of those with an ICU stay longer than 7 days (iii) needed prolonged ventilation. Neither the EuroSCORE II nor our published models for prolonged ventilation and mortality following cardiac surgery were well-calibrated for prediction of an ICU stay of >2 days (P < 0.0001, Hosmer-Lemeshow test).
The distribution patterns of De Cocker's MDC-index in their study population and ours were relatively similar (Fig. 3A) [7] . To investigate whether De Cocker's MDC-index was useful for prediction of ICU stays in our patients, the observed mean stays were compared to the mean predicted stays in each group of the calculated MDC-index (Fig. 3B) . The MDC-index gave a large overprediction in our patients.
DISCUSSION
In this study, we developed a preoperative-and an intraoperative model to predict length of stay in the ICU following cardiac surgery, using Cox regression because time to discharge is easily modelled with this approach. The models were well-calibrated. Importantly, however, despite good discrimination by our models as well as by several previously published scoring systems and models, none would be suitable for prediction in individual patients. This was because most patients were discharged during the first ICU day, independently of their risk level. We also found that the published MDC-index by De Cocker and co-workers gave large overpredictions of ICU stays in our study population [7] .
Distributions of ICU stay data are usually right-skewed and several other authors also report a median of 1 day [10, 11, 13] . Our distribution had a shorter right tail than in these reports-corresponding to fewer patients with longer stays-as indicated by the mean lengths of stay that were 2.2 days [10], 1.9 days [11] and 1.8 days [13] , as compared to 1.4 days in our population. However, mean values are not well suited to describe such skewed distributions and the use of means in the setting of ICU stay prediction may render it difficult to identify the problems related to prediction in individual patients, which are evident from Fig. 2A .
Prolonged ICU stay: too subjective an outcome measure?
The reason that De Cocker's MDC-index did not work well in our study population is probably not related to major differences in the patients themselves, since Fig. 3A shows largely similar distributions of the indices. Even so, many more of their patients had longer ICU stays than did ours, giving a median stay of 2 days and a mean stay of 5.5 days [7] . Thus, our data demonstrate that, in order for a score to be well-calibrated for use in a population other than the one in which it was developed, the policies on when to discharge the patient from the ICU must be comparable between the two institutions. This is consistent with the findings of a study comparing 14 published models to predict ICU stay, where only two models were well calibrated in the validation set [22] . We adopted a fast-track regimen in cardiac surgery in 1990, including a balanced intravenous/inhalational anaesthesia that permitted early extubation (following standard criteria and resulting in a median postoperative intubation time of 3 h) and mobilization out of bed the day after surgery. The staffing in the standard wards is sufficient that most patients could be discharged from the ICU during the first day and only 6.3% who suffered from the more serious complications remained in the [7] , the EuroSCORE II [15], and the published models for mortality [16] and prolonged ventilation [17] from our group for an ICU stay >2 days. ICU for 3 days or longer. With a 30-day mortality rate of 2.7% and rates of some other important complications, such as cardiac dysfunction of 5.7% and prolonged ventilation of 4.9%, our results were comparable to those published by others [16, 17, 23] . Through this policy, more ICU beds are available to the patients who really need them and the number of operations performed can more easily meet demands. In other institutions, ICU capacity may be larger or the level of care in the standard wards may require the patients' condition to be better before it is advisable to transfer them there, leading to longer ICU stays. Thus, the observed patterns of ICU stay may be influenced by different policies for discharge. In this way, the situation for ICU stays seems to be somewhat parallel to that demonstrated for patterns of in-hospital stay by data from the USA and Britain, where different reimbursement models for cardiac surgery units in the two countries-as opposed to the type of patients or incidence of postoperative complications-were important for duration [1] .
A prediction model for any outcome requires strict endpoint definitions in order to be useful. However, when the decision to discharge the patients from the ICU is most probably based on policy as well as medical criteria, it becomes difficult to make a good prediction model based solely on medical variables. Rather, length of ICU stay seems to be a somewhat subjective outcome, decided by a combination of medical and nonmedical factors.
Most of the risk variables for a prolonged ICU stay identified in our population, are similar to those found by others [8] [9] [10] [11] . Like De Cocker and co-workers, we found that the need for a preoperative intra-aortic balloon pump was the single most influential predictor [7] . With respect to intraoperative predictors, previous studies have identified duration of CPB as important [9, 24] . We also found that other intraoperative variables like inotropic support, transfusions and intraoperative bleeding of more than 1000 mL were significant. [7] , the EuroSCORE II [15], and the published models for mortality [16] and prolonged ventilation [17] from our group. For the low risk group, the 95th percentile was 1 day for all models. The 75th percentile of all risk groups was 1 day for all models. (B) Number of patients with an ICU stay of (i) >2 days, (ii) >5 days or (iii) >7 days in grey circles and number of patients who died (upper figure half ) or needed prolonged mechanical ventilation (lower figure half ) in circles with broken lines, indicating overlapping patients in light grey areas.
Use of mortality scores to predict length of ICU stay
It is tempting to use a standard mortality score, which is often calculated as part of clinical routine, to predict the risk of other complications, including a prolonged ICU stay. Both the EuroSCORE II and our previously published mortality model showed good discrimination but had significantly lower AUCs than Models I and II for ICU stay. This is probably explained by the fact that a substantial fraction of the patients who died did not overlap with the patients who had a prolonged ICU stay (Fig. 2B ). This may be a consequence of the greatly reduced mortality rates from cardiac surgery over recent decades. Thus, even if several risk factors are common to both, these outcomes are sufficiently different that it seems unlikely that any mortality model will be sufficiently well calibrated for prediction of a prolonged ICU stay. This was confirmed by the Hosmer-Lemeshow tests.
On the other hand, our score for prolonged mechanical ventilation showed excellent discrimination, but still was not sufficiently well calibrated. As shown in Fig. 2B , most of the patients who had an ICU stay of more than 2, 5, or 7 days also underwent prolonged ventilation. Our percentages of overlap are comparable to the 72% previously found by Arabi and co-workers [4] . Another study also showed that mechanical ventilation at 24 h was a strong predictor of a long ICU stay [25] . Thus, scores developed to predict prolonged ventilation may be more relevant for prediction of prolonged ICU stays than mortality scores. Even so, the problem remains of varying criteria deciding the length of ICU stays in different hospitals.
Methodological considerations
Cox regression intuitively seems a better choice for development of a prediction model for ICU stay than logistic regression, which is mostly used for binary outcomes. Cox regression also permits censoring of patients who died in the ICU, thus taking into account that they would have had a prolonged stay if they were alive. However, individual prediction is easier from logistic regression models. Based on the distribution of ICU stays in our patients, we could have developed a logistic regression model to predict a stay of more than 2 days, where patients who died before discharge from the ICU could have been attributed to the group with a long ICU stay. However, the general applicability of such a model would be no better than for all the others tested, because of the above-mentioned subjectivity regarding ICU stay as an outcome.
Strengths and limitations of study
To our knowledge, this is the first study to assess the EuroSCORE II for prediction of length of ICU stay and to validate De Cocker's MDC-index in another population. However, our study clearly demonstrated that excellent discrimination is not a guarantee of accuracy of prediction, nor of the clinical usefulness of a predictive score.
We could not include left ventricular ejection fraction as an explanatory variable, due to many missing observations and the fact that the remaining measurements were performed using two different methods (catheterization or echocardiography). These methods yield somewhat different result and thus cannot be pooled.
A model based on a multi-centre database could potentially be more generally applicable than a single-centre model. However, this approach would not necessarily overcome the problems related to ICU stay as a subjective outcome.
CONCLUSIONS
Our data indicate that it may be difficult to develop a universal model for prediction of ICU stay, as the distribution of stay durations may depend both on medical factors and institutional policies for ICU discharge. Models for prediction of prolonged mechanical ventilation may provide better approximations for a prolonged ICU stay than mortality models. However, good discrimination does not necessarily translate to good calibration or clinical usefulness of any model.
